Abstract: Remote sensing image data from sources such as Landsat or airborne multispectral digital cameras are typically in the form of digital count (DC) values. To compare images acquired by the same sensor system on different dates, or images acquired by different sensor systems, it is necessary to correct for differences in the DC values due to sensor characteristics (gain and offset), illumination of the surface (a function of sun angle), and atmospheric clarity. A method is described for normalizing one image to another, or converting image DC values to surface reflectance. This method is based on the identification of pseudo-invariant features (bare soil line and full canopy point) in the scatter plot of red and near-infrared image pixel values. The method, called "scatter plot matching" (SPM), is demonstrated by normalizing a Landsat-7 ETM+ image to a Landsat-5 TM image, and by converting the pixel DC values in a Landsat-5 TM image to values of surface reflectance. While SPM has some limitations, it represents a simple, straight-forward method for calibrating remote sensing image data.
Introduction
The image data produced by remote sensing systems such as Landsat TM or airborne digital cameras are typically in the form of digital count (DC) values. DC values are related to the reflectance of the observed surface but are affected by other factors, including sensor characteristics (gain and offset), illumination of the surface (a function of sun angle), and atmospheric clarity. To compare images acquired by the same sensor system on different dates, or images acquired by different sensor systems, it is necessary to correct for differences in the DC values present in the images as a result of differences in the previously mentioned factors. This can be accomplished either by absolute radiometric correction or relative calibration [1] . In absolute radiometric correction, DC values are converted to values of surface reflectance. In relative calibration, the DC values of one image are normalized to those of another image to provide a relative correction for sensor, illumination, and atmospheric differences.
For satellite imagery, correction of DC values for sensor characteristics and sun angle is relatively straight-forward by calculating corresponding values of exoatmospheric reflectance based on known sensor gain and offset parameters and the time of day and day of year [2] . A similar procedure can be used to calculate at-sensor reflectance for aircraft imagery. The remaining problem is to correct these values for the effects of the atmosphere along the observing path. Numerous approaches for atmospheric correction of satellite and aircraft imagery have been described and compared [1, [3] [4] [5] [6] [7] . These approaches can be separated into two general groups: physically based correction methods, and image-based correction methods. Physically based correction methods use some form of radiative transfer model (RTM) to explicitly compute the effects of atmospheric scattering and absorption on the electromagnetic signal as it passes from the surface to the sensor. These methods can be highly accurate, but they require information in addition to the image data that describes the optical characteristics of the atmosphere (as a function of its water vapor and aerosol content) along the observing path. Image-based methods utilize solely the information in the remote sensing image. A variety of image-based methods have been described. For relatively low-altitude aircraft imagery, DC values can be converted based on the known reflectance of specially fabricated targets placed on the ground so as to be visible within the acquired imagery. Disadvantages of this approach are that a special effort must be made to place the targets in the area to be imaged, and that it is not effective for high-altitude aircraft or satellite observations due to the relatively small size of the targets. Large natural or man-made objects with relatively uniform reflectance characteristics, such as lakes or airport runways, have been used to correct aircraft and satellite image data. A problem with these "pseudo-invariant objects" is that their reflectance tends to change over time due to the effects of weather [7] . In another image-based method, DC values extracted for a clear lake present in the image were used to implicitly estimate atmospheric transmittance and scattering using an RTM [8] . A related method, "dark object subtraction" (DOS), uses the darkest object in the image (assumed to be in deep shadow) to estimate the atmospheric scattering component of the signal received by the sensor [9, 10] . The success of these methods rests on finding clear lakes or objects with apparent reflectances of around 1% in the image.
Several image-based methods have been developed that make use of "pseudo-invariant features" (PIFs) to normalize one remote sensing image to another. Working with Landsat, Schott et al. [11] used an infrared-red ratio image derived from TM Bands 4 and 3 to develop a PIF mask to identify and collect DC data for man-made features in images acquired on different dates. The means and variances of the distributions of PIF DC values are used to evaluate a linear regression for transforming DC values in one image to be comparable to those in the other image. Hall et al. [12] described a method that can normalize one image to another using information derived from the two-dimensional scatter plot of Kauth-Thomas greenness and brightness [13] . In this approach, "radiometric control sets" (RCSs) of pixel DC values corresponding to the darkest (such as deep reservoirs) and brightest (such as concrete or rock outcrops) non-vegetated portions of the scatter plot are used to evaluate a linear regression for transforming DC values in one image to be comparable to those in the other image. The RCSs are associated with PIFs in the scatter plot and may not include the same pixels from image to image. For both of these approaches, it is assumed that bright and dark features are present in the imagery, and the reflectance characteristics of these PIFs are invariant over time.
Remote sensing imagery of agricultural regions is dominated by vegetation and soil, and may be devoid of the kinds of bright and dark features (deep lakes, rock outcrops, or large man-made objects) used in the previously described methods. In this study, we developed a procedure to convert image DC values in the red and near-infrared (NIR) spectral bands into corresponding values of surface reflectance based on PIFs associated with vegetation and soil. This method can also normalize the red and NIR image bands in one image to another image. The method automatically accounts for the effects of sensor characteristics, surface illumination, and certain aspects of atmospheric absorption and scattering. Application of the method is illustrated using Landsat imagery, and a test of its accuracy using independent data is provided. Finally, potential limitations of the method are discussed.
Theory

Red-NIR Scatter Plot
When the DC values in the NIR spectral band are plotted versus the corresponding DC values in the red spectral band for pixels comprising a cloud-free multispectral image of an agricultural region, a characteristic distribution of points is produced [14, 15] . An example is presented in Figure 1A . This roughly triangular distribution of points results from the reflectance characteristics of vegetation and soil, and the mixing of these characteristics within image pixels. Image pixels containing only bare soil lie along the diagonal "base" of the triangle, forming a line commonly called the "bare soil line". This line is shown in Figure 1B , which provides a diagrammatic representation of the distribution of points in Figure 1A . Point a represents the brightest soil in the satellite image, while point b represents the darkest soil in the satellite image. For a single soil type, point a might correspond to pixels containing only dry soil, while point b might correspond to pixels containing only wet soil. Points along the soil line between a and b would correspond to pixels with intermediate levels of soil wetness, or pixels with varying mixtures of wet and dry soil. Points in the distribution above and to the left of the bare soil line represent pixels containing living vegetation. Since living vegetation strongly absorbs light in the red band and strongly reflects light in the NIR band, increasing the amount of vegetation in a pixel decreases the brightness of the pixel in the red band and increases the brightness of the pixel in the NIR band. As vegetation cover increases, the effects of background soil brightness decreases. At full canopy, the vegetation completely obscures the soil surface, a situation represented by a single point (point c) in Figure 1B . The leaves of many plants absorb only a small fraction of light in the NIR, and reflect and transmit the remainder in roughly equal proportions [16] . As a result, the DC value in the NIR spectral band for a pixel with full canopy can continue to increase as the density of the leaf canopy increases, due to the upward scattering and transmission of light by leaves lower in the plant canopy. Thus, it is possible to observe a "spike" of points in the scatter plot extending above the point normally corresponding to full canopy. This feature appears in Figure 1A , and is represented diagrammatically in Figure 1B by the line segment between points c and d. Two characteristic features of the distribution of DC values in Figure 1 are the bare soil line and the full canopy point. While the specific DC values associated with each may be different between images, they will almost always be identifiable in the red-NIR scatter plot for images containing vegetation and soil. Thus, the bare soil line (BSL) and full canopy point (FCP) represent PIFs within the red-NIR scatter plot. As we will show in the following sections, these PIFs can be used to normalize one image to another and convert image DC values to surface reflectance.
Transforming Images Using BSL and FCP PIFs
For many remote sensing imaging systems, such as Landsat TM, image DC values are a linear function of the radiance reaching the sensor [11, 18] ,
where DC i,j is the DC for pixel i and band j, R i is the radiance observed for pixel i, and g j and o j are the sensor gain and offset for band j. Similarly, the radiance reaching the sensor is, to a first-order approximation, a linear function of surface reflectance [11] ,
where r i is the reflectance of the surface for pixel i and K 1,j and K 2,j are parameters related to surface irradiance and atmospheric clarity. The value of K 1,j should be proportional to surface irradiance and atmospheric transmissivity. The value of K 2,j should be proportional to optical path radiance. Since atmospheric transmissivity and path radiance can vary according to wavelength, the values of K 1,j and K 2,j may be band-specific. The consequence of Equations 1 and 2 is that changes in sensor characteristics, surface irradiance, and atmospheric clarity between image acquisitions should result in linear scalings and translations of the distribution of DC values shown in Figure 1A within the red-NIR scatter plot space. However, these changes do not alter the basic relationship between the BSL and FCP PIFs within the DC distribution for an image. Thus, we have determined that, if one knows the equation of the BSL and the red and NIR values for the FCP for two images, this information can be used to normalize the red and NIR bands of one image to those of the other image. Furthermore, if the equation of the BSL and the red and NIR values for the FCP can be expressed in terms of surface reflectance, this information can be used to convert the red and NIR bands of an image from DC to surface reflectance.
The equations needed to carry out these transformations are as follows,
in which Y i,NIR and X i,red are the transformed values of DC i,NIR and DC i,red , respectively, for pixel i in the red and NIR image bands. The parameters β 1 -β 4 are evaluated from two sets of values for the slope and intercept of the BSL and the coordinates of the FCP. One set of these values comes from the scatter plot for the image to be transformed, which we call the "target" image. The second set of values is called the "reference" set, and provides the basis for the transformation. These reference values may come from the scatter plot for another image (the "reference" image). If the pixel values for this reference image are in the form of DCs, then Y i,NIR and X i,red will also be in the form of DCs, and the target image will be normalized to the reference image. If the pixel values for the reference image are in the form of reflectance, then Y i,NIR and X i,red will be in the form of reflectance, and the target image will be converted from DC to reflectance. Alternately, the reference set of values for the slope and intercept of the BSL and the coordinates of the FCP could be determined from ground-based field measurements instead of from a reference image. The parameters in Equations 3 and 4 are evaluated as follows, 
In these equations, a Once the reference and target values for the slope and intercept of the BSL and the coordinates of the FCP have been determined, the pixel values in the target image can be normalized or converted to surface reflectance using Equations 3 and 4. Since this procedure transforms the features of one scatter plot to match the corresponding features of another, we have called it "scatter plot matching" (SPM).
Materials and Methods
Demonstration of Image Normalization
To demonstrate normalizing one image to another using the SPM method, two Landsat images were obtained. One image was acquired on 17 August 2009 from the ETM+ sensor aboard Landsat-7 for WRS Path 30, Row 36. The other image was acquired eight days later (25 August 2009) from the TM sensor aboard Landsat-5 for the same location. A 790 × 1,575-pixel section was extracted from the central portion of the red and NIR image bands for each acquisition. This section was chosen to avoid most of the scan line problems present in current ETM+ images [18] . The TM image section was cloud-free, while the ETM+ image section contained a few scattered patches of small cumulus clouds, along with their shadows. The TM image was arbitrarily chosen to be the reference image, while the ETM+ image was chosen to be the target image. Red-NIR scatter plots were constructed for the reference and target image sections, and the BSL and FCP were identified in each scatter plot by visual inspection [19] . The slope and intercept of the BSL were determined for each scatter plot, along with the DC coordinates of the FCP. These values were used to evaluate parameters β 1 -β 4 using Equations 5-8. The parameter values were then applied to normalizing each pixel DC value in the red and NIR image bands of the target image section using Equations 3 and 4, resulting in the generation of a normalized target image section. The red-NIR scatter plot for the normalized target image was compared with that from the reference image to show the effects of normalization.
Conversion of an Image to Reflectance Based on Field Observations
As stated earlier, if the equation of the BSL and the red and NIR values for the FCP can be expressed in terms of surface reflectance, this information can be used to convert the red and NIR bands of an image from DC to surface reflectance. Field data were collected to evaluate the BSL and FCP in terms of surface reflectance from ground-based measurements. The resulting slope and intercept of the BSL and the red-NIR values for the FCP were used to compute the values of β 1 -β 4 , which in turn were used to convert Landsat TM images from DC to surface reflectance using Equations 3 and 4.
To evaluate the BSL, measurements were made on seven soils collected from different locations. These soils were collected from the upper 15 cm of the profile, and exhibited considerable variation in their physical characteristics (Table 1) . While the beach sand and gypsum sand are technically not soils, for the sake of simplicity they will be referred to as "soils" in this study. To prepare the soils for measuring their reflectance, a sample of each was saturated with water in a bucket. The sample was then placed in a 27 × 18 × 3.5-cm aluminum tray and the surface was scraped smooth by running a wooden board with a straight edge along the top of the tray (Figure 2 ). Reflectance measurements of the soil surface were begun immediately after scraping. Reflectance measurements were made outdoors using a GER-1500 portable field spectroradiometer (Spectra Vista Corp., Poughkeepsie, NY, USA) under clear sky conditions. Measurements with the GER-1500 were calibrated using frequent measurements on a 7.5 cm-diameter circular Spectralon target (Labsphere, Inc., North Sutton, NH, USA). Frequent reflectance measurements were made on the soil as it dried. The tray with the soil was returned to the lab and allowed to dry additionally for approximately one week until it appeared to be in an air-dry state. It was then taken outdoors for additional reflectance measurements. These measurements were repeated on the following day to verify that the soil reflectance was not changing. The tray with the soil was then placed in a ventilated drying oven at 100 °C for approximately one week until it appeared to be in an oven-dry state. It was then taken outdoors for additional reflectance measurements. As before, these measurements were repeated on the following day to verify that the soil reflectance was not changing. In all, the reflectance measurements made on a soil spanned the range of soil wetness from saturated to oven-dry. Note: Except for the beach and gypsum sands, the soil name refers to its soil series.
The GER-1500 produced reflectance spectra over the range 290 to 1130 nm at nominally 2-nm increments. Values within the Landsat TM red spectral band (630-690 nm) and NIR spectral band (760-900 nm) were averaged to produce "red" and " NIR" soil reflectance values, respectively. Values of NIR soil reflectance were plotted versus corresponding values of red soil reflectance, and this distribution of points was fit using simple linear regression to produce an equation for the BSL. To evaluate the FCP, reflectance measurements were made on the leaf canopies of seven plant species commonly found in the region (Table 2 ). In some cases, measurements were made at more than one site. Measurements were made on canopies with full ground cover. Measurements were made using the GER-1500 at a height of approximately 1 m above the top of the canopy. The measurements were calibrated in the same manner as described for the soil reflectance measurements. From 7 to 12 individual spectra were measured at each site, and "red" and "NIR" reflectance values were determined for the Landsat TM red and NIR spectral bands as previously described. The mean and standard deviation for the red and NIR canopy reflectance measurements were calculated from these data for each site. Values of NIR canopy reflectance were plotted versus corresponding values of red canopy reflectance and analyzed to produce the red and NIR coordinates of the FCP. Two Landsat-5 TM images (13 May and 29 May 2009) were selected for conversion to surface reflectance. The acquisition on 13 May was for WRS Path 30, Row 37, while the acquisition on 29 May was for WRS Path 30, Row 36. These images were selected because they contained sites for which ground-based measurements of surface reflectance were made for validating the image conversion (described later in this section). The red-NIR scatter plot for each image was constructed and the BSL and FCP were identified in each scatter plot by visual inspection, as in the case of image normalization described previously. Each TM image was considered a target image and was converted from DCs to surface reflectance using Equations 3 and 4. To evaluate the parameters β 1 -β 4 , "target" values of the slope and intercept of the BSL and coordinates of the FCP were obtained from the scatter plot for each image, while "reference" values of the slope and intercept of the BSL and coordinates of the FCP came from the analysis of the ground-based reflectance measurements of soil and leaf canopy described earlier in this section.
To validate the conversion of the images to surface reflectance and provide an assessment of the general accuracy of the procedure, ground-based measurements of surface reflectance were obtained for six sites contained within the two images. These sites are shown in Figure 3 and summarized in Table 3 . At each site, surface reflectance was measured using the GER-1500 within 1 hour of the Landsat-5 overpass time. Measurements were calibrated using the Spectralon target as previously described. The mean and standard deviation for the red and NIR surface reflectance measurements were calculated for each site. Sets of pixels corresponding to the six ground sites were identified in the converted Landsat images and their values were extracted. The pixel values in each set were averaged to produce values corresponding to the ground-based measurements of surface reflectance. Linear regression analysis was then used to compare the surface reflectance values from the two sources. 
Results and Discussion
Image Normalization
Figures 4A and 4B show the reference and target image sections, respectively, used in this normalization example presented as false-color composites with the NIR band displayed in the red channel and the red band displayed in the green and blue channels. There is obviously a big difference in the appearance of these two images. This difference can be explained by referring to the NIR-red scatter plots constructed for the two images ( Figures 5A and 5B ). While the pixel distributions for both images display the characteristic shape (as in Figure 1A) , there are substantial differences between the equations of the BSL and the coordinates of the FCP between the two scatter plots. Figure 4C shows the target image section after application of the normalization procedure. Its appearance is now similar to the reference image in Figure 4A . The scatter plot for the normalized image section is presented in Figure 5C , and it can be seen that the distribution of the points in it has been transformed to resemble the distribution for the reference image. The blank horizontal lines in the distribution of points in the normalized scatter plot are a computational artifact. They result from multiplying target image DC values in Equation 3 or Equation 4 by a value of β greater than 1 (in this example, β 1 = 1.16). In this situation, the resulting distribution of DC values will be expanded along the appropriate axis in the scatter plot (in this example, the NIR axis) but will not be continuous, having regular "skips" at certain values. Figure 6 shows the scatter plot for the normalized target image overlaid with the scatter plot for the reference image. Following normalization, there is a good match between the distributions of points in the two scatter plots. The two main groups of points in the normalized image scatter plot for which there are not matching points in the reference image scatter plot correspond to pixels in the target image with clouds or cloud shadows (recall that the reference image was cloud-free).
Image Conversion
Ground-based measurements of soil reflectance in the NIR spectral band are plotted versus corresponding values in the red spectral band in Figure 7 for the seven soils used in this study (Table 1) Ground-based measurements of leaf canopy reflectance in the NIR spectral band are plotted versus corresponding values in the red spectral band in Figures 8A and 8B for the seven plant species used in this study ( Table 2 ). The average values in Figure 8A in the red spectral band cluster tightly between 2% and 5% reflectance. In the NIR, the average values extend over a range of reflectances, but with no value less than 50%. This distribution of points resembles the "spike" in the scatter plot between points c and d in Figure 1B representing the reflectance from vegetation at or above the canopy density necessary for full ground cover. In this situation, the coordinates of the FCP corresponding to point c would lie near the bottom of this distribution. Considering the overlap in the measurements indicated in Figure 8B , we took the average of the lower portion of this cluster of points (between 50% and 60% NIR reflectance) as a representative value for the FCP for a variety of plant species. This yielded a NIR coordinate value of 54.1% reflectance and a red coordinate value of 3.3% reflectance, respectively, for the FCP. This agrees with previous full-canopy reflectance measurements for cotton of 56% in the NIR spectral band and 4% in the red spectral band [22] . Figure 7 . NIR versus red reflectance for the seven soils used in this study (refer to Table 1 for meanings of the symbols representing the soil names). Diagonal line passing through the points is the least-squares regression.
Results of analyzing the ground-based reflectance measurements in Figures 7 and 8 provided the reference values for the BSL and FCP used in converting the May 13 and May 29 Landsat TM target images from DC to surface reflectance. DC scatter plots for these two images are presented in Figure 9 . The equations for the BSL in these two images are similar, as are the coordinates of the FCP.
The results presented in Figure 10 involving observed and estimated values of surface reflectance for the six ground sites (Table 3 and Figure 3 ) can be used to assess the effectiveness of this conversion. In general, the points in the graph tend to cluster along the 1:1 line. The linear regression fit through these points explains over 95% of their variation. Statistical analysis of this regression line indicates that its slope (1.117) is not significantly different from 1 (t = 1.54, α = 0.05, 10 df), and that its intercept (−2.732) is not significantly different from 0 (t = 0.619, α = 0.05, 10 df). This suggests that the regression line is not significantly different from the 1:1 line. The mean estimated reflectance for the combined set of NIR and red values was 20.6%, while the corresponding value for the mean observed reflectance was 20.9%. Statistical analysis showed that these two means were not significantly different (t = 0.006, α = 0.05, 22 df). These results suggest that the conversion from DC to surface reflectance for the two target images was effective. On average, the estimated reflectance values were within 2.5% of the corresponding observed reflectance values, which could be interpreted as a rough estimate of the accuracy of the SPM conversion. Table 3 ) plotted versus corresponding estimated values extracted from the May 13 and May 29 Landsat TM images following their conversion to reflectance. The solid diagonal line represents the 1:1 line, while the dashed line is the least-squares linear regression fit to the points. Error bars represent plus or minus one standard deviation about the mean of the observed values.
Strengths and Weaknesses of the SPM Method
The examples presented in the previous sections demonstrate that SPM can be an effective method for normalizing one remote sensing image to another, or for converting the DC values in an image to surface reflectance. Since SPM is an image-based method, it does not require the collection of information in addition to the image data, as with physically based approaches. SPM does not require the identification of specific "pseudo-invariant objects" in the imagery, such as deep clear lakes or man-made objects. The method also avoids the use of bright and dark PIFs in the imagery, which also may be absent. SPM is well-suited for application to imagery of agricultural and other vegetated regions, since it relies on PIFs related to soil and plant canopies. These PIFs can almost always be identified within the NIR-red scatter plots for such imagery, and their identification is not hindered by the presence of scattered clouds and cloud shadows in the imagery. Finally, the mathematical computations needed to perform SPM are simple and straight-forward.
A few aspects of the current form of SPM described in this article might be considered weaknesses. This current form of SPM only involves the NIR and red spectral bands of multispectral imagery. For many applications involving the quantification of vegetation characteristics (which primarily involves these two spectral bands), this may be adequate. Further research may show a way to extend the method to other spectral bands. In this article, we determined the BSL and FCP by visual inspection of the scatter plot. While this subjective approach may be adequate for many applications, it would be advantageous to have an objective method that could be generally applied for identifying the BSL and FCP in the scatter plot. We are aware of a proprietary, automated method that has been developed for doing this [23] . While SPM can correct for the effects of atmospheric transmissivity and path radiance (which in SPM are assumed to be uniform over an image), it cannot correct for adjacency effects (cross-radiance and cross-irradiance) associated with the relative brightness of the target and its surroundings [24] . Since adjacency effects are spatially non-uniform, they are a problem for most image-based normalization or conversion methods. Finally, a feature representing the FCP may not be present even for imagery of agricultural regions during certain times of the year. This usually occurs in the winter or early spring for a region that supports only warm-season crops. It still may be possible to identify a FCP at these times if there is sufficient natural vegetation in the region that maintains a leaf canopy during the colder periods.
Conclusions
Scatter Plot Matching (SPM) represents an effective and relatively simple method for normalizing one remote sensing image to another, or for converting image DC values to surface reflectance. It is particularly well-suited for application to imagery of agricultural and other vegetated regions which might not contain bright and dark pseudo-invariant objects or features such as deep lakes or large man-made objects. SPM is flexible in that the reference information needed to transform a target image can come from another image or from ground-based measurements. While the current form of this approach has certain weaknesses, continued research may lead to improvements that increase the accuracy and applicability of the method.
